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Abstract 
The DFT-B3LYP method, with the basis set 6-31G (d, p), was employed to calculate some quantum chemical descriptors of 43 
halogenated phenols compounds. The above descriptors along with the octanol-water partition coefficient were used to establish the 
quantitative structure activity relationship (QSAR) of the toxicity of these compounds to tetrahymena pyriformis by multiple linear 
regression (MLR) and support vector machine (SVM). The statistical results indicate that the multiple correlation coefficient (R2) and 
cross validation using leave-one-out were 0.922, 0.892 and 0.944, 0.924, respectively. To validate the predictive power of the resulting 
models, external validation multiple correlation coefficient and cross validation (Q2ext) were 0.975, 0.919 and 0.957, 0.934, respectively. 
These show that the QSAR models have both favourable estimation stability and good prediction power. The results indicate that there are 
good correlations among the acute toxicity of halogenated phenols to tetrahymena pyriformis and the octanol-water partition coefficient, 
highest occupied molecular orbital, dipole moment, the sum of halogenated electric charges. 
 
© 2012 Published by Elsevier Ltd. Selection and/or peer-review under responsibility of the Capital University of Economics 
and Business, China Academy of Safety Science and Technology. 
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1. Introduction 
Phenols compounds are basic materials for industry production, which are commonly used in chemical synthesis. They 
can spread through air and water, with strong carcinogenicity, teratogenicity and mutagenicity [1-2], which will cause great 
damage to environment, plants, animals and human health. Therefore, it is vital to protect the environment and prevent 
occupational poisoning by studying the acute toxicity of phenols compounds. 
The experiment is a direct way to obtain the toxicity data of organic compounds, which has many deficiencies, such as 
requirement of myriads of trial organisms, high expense, long time, the difference in measured value between different 
researchers and so on. Consequently, it would be impossible to gain the toxicity data of all organic compounds by 
experiment. As new compounds are springing up, other difficulties will follow. So it is necessary to use the theoretical 
research to make up for disadvantages of the experiment and to predict the toxicity data of compounds quickly and exactly. 
QSAR can predict the bioactivity such as toxicity, mutagenicity and carcinogenicity based on structural parameters of 
compounds and appropriate mathematical models. With the rapid development of computer science and theoretical quantum 
chemical study, it can speedily and precisely obtain the quantum chemical parameters of compounds by computation. 
Moreover, these parameters, which have definite physical meaning, along with the introduction of the QSAR model can 
increase the interpretability. So quantum chemical theory is extensively applied in establishing QSAR models [3-5]. Xing 
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Jionghao and Zhang Yuntao [6] studied the acute toxicity of 31 halogenated phenols using semi empirical PM3 and coding 
of halogens’ substitutional positions. Peng Yanfen and Liu Tianbao [7] investigated quantum chemical descriptors based 
QSAR models on toxicity of 22 halogenated phenols with Hartee-Fock and DFT methods with the basis set 6-31G (d, p) 
and 6-311G (d, p) respectively, indicating that the DFT method with the basis set 6-31G (d, p) is more reliable. In the 
above-mentioned models, which have high correlation coefficient, external validation is not concerned with, making it hard 
to know the external predictive power. However, the external predictive power is a very important part of QSAR studies, 
because one of the major goals of the QSAR model is to predict the toxicity data of compounds. 
In this work, the DFT-B3LYP method, with the basis set 6-31G (d, p), is employed to calculate some quantum chemical 
descriptors of 43 halogenated phenols compounds. The toxicity of these compounds to tetrahymena pyriformis along with 
the quantum chemical descriptors and the octanol-water partition coefficient (logP) are used to establish the QSAR by MLR 
and SVM regression. A leave-one-out cross validation and outer samples prediction are performed to validate models, with 
the toxic mechanism of the model built in the paper discussed. 
2. Material and methods 
2.1. Data sources 
Acute toxicity data of 43 halogenated phenols to tetrahymena pyriformis were taken from a literature [8]. IC50 here 
means the millimolar concentration causing 50% inhibition of growth about halogenated phenols to tetrahymena pyriformis. 
The bigger the value of –lgIC50, the higher is toxicity of compounds, and vice versa. 
2.2. Molecular descriptors 
All computations were performed by using Gaussian 98 programs [9]. The geometries of all 43 theoretically possible 
halogenated phenols were optimized with DFT method at the B3LYP/6-31G (d, p) level and frequency calculations were 
performed at the same level for all of the possible geometries to ensure they are minimal on the potential energy surface. 
Then choose some related structural parameters from the results of quantum computation: highest occupied molecular 
orbital (EHOMO), lowest unoccupied molecular orbital (ELUMO), the energy gaps of frontier molecular orbital (ΔE=ELUMO-
EHOMO), next highest occupied molecular orbital (ENHOMO), next lowest unoccupied molecular orbital (ENLUMO), total energy 
(ET), the highest positive charge of hydrogen atom (qH+), increments of net charge of benzene ring (ΔQR), the largest 
negative charge of oxygen atom (qO+), total charge of halogens in a molecule(QX) and dipole moment (μ). The logP also 
came from the literature [8].  
2.3. Statistical analysis 
MLR is a widely-used statistical analysis method. In the paper, SPSS11.0 statistical software was employed to realize the 
MLR analysis. The linear relationship between the toxicity data of compounds and their structure parameters was fitted by 
multiple stepwise regression method in 95% confidence intervals.  
SVM is a new machine learning method proposed in 1995 by V.N. Vapnik [10] based on the statistical theory, which is 
powerful for the problem characterized by small sample, nonlinearity, high dimension and local minima. Therefore, it is 
widely adopted in QSAR study [11-13]. The SVM model was implemented based on the shareware program LIBSVM 
V.3.11 [14]. The performance of SVM for regression depends on kernel function type and its corresponding parameters, 
capacity parameter C, and ε of ε -insensitive loss function [15]. For the regression problems, the radial basis function kernel 
is commonly used because of its effectiveness and learnability. For the radial basis function kernel, the most important 
parameter is the width γ of the radial basis function. In the study, we used the grid search method to find the optimum values 
for C, γ and ε. 
2.4. Validation and evaluation 
Testing the stability, predictive power and generalization ability of the models is a very important step in QSAR study. 
As for the validation of predictive power of a QSAR model, two basic principles (internal validation and external validation) 
are available. The cross-validation is one of the most popular methods for internal validation. In the paper, the internal 
predictive capability of the model was evaluated by leave-one-out cross-validation (Q2LOO). A good Q2LOO often indicates a 
good robustness and high internal predictive power of a QSAR model. However, recent studies of Tropsha and co-workers 
[16] indicate that there is no evident correlation between the value of Q2LOO and actual predictive power of a QSAR model, 
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revealing that the Q2LOO is still inadequate for a reliable estimate of model’s predictive power for all new chemicals. In order 
to determine both the generalizability of QSAR models for new chemicals and the true predictive power of the models, the 
statistical external validation can be applied at the model development step by properly employing a prediction set for 
validation. Hence, the toxicity data is sorted in ascending order, extracting 1 sample every 3 samples as test set, with 
training set retained. The results are shown in table 1, as the test set is indicated with an asterisk. 
 
Table 1. Experimental and predicted toxicity values of halogenated phenols to tetrahymena pyriformis (-lgIC50) by MLR and SVM  
Name Exp     Pre-SVM     Pre-MLR Name Exp      Pre-SVM     Pre-MLR 
4-fluorophenol 0.017 -0.071 -0.065 3-bromophenol* 1.145 1.026 0.940 
2-chlorophenol 0.183 0.376 0.392 4-bromo-2,6-dimethylphenol 1.167 1.161 1.147 
2-fluorophenol* 0.185 -0.040 0.008 2,3,5,6-tetrafluorophenol 1.167 1.152 1.268 
2-bromophenol 0.33 0.532 0.527 4-chloro-3,5-dimethylphenol 1.201 0.963 0.894 
3-fluorophenol 0.381 0.307 0.327 4-bromo-3,5-dimethylphenol* 1.268 1.097 1.029 
2-chloro-5-methylphenol 0.393 0.422 0.421 2,3-dichlorophenol 1.276 1.435 1.343 
2,6-difluorophenol* 0.471 0.333 0.337 4-bromo-6-chloro-2-methylphenol 1.276 1.339 1.277 
4-chlorophenol 0.545 0.482 0.463 2,4-dibromophenol 1.398 1.573 1.408 
2-bromo-4-methylphenol 0.599 0.724 0.723 3,5-dichlorophenol* 1.569 1.834 1.630 
2,4-difluorophenol 0.604 0.354 0.377 pentafiuorophenol 1.638 1.479 1.556 
4-bromophenol* 0.68 0.591 0.560 3,4-dichlorophenol 1.745 1.551 1.432 
2-chloro-4,5-dimethylphenol 0.688 0.765 0.840 4-bromo-2,6-dichlorophenol 1.778 1.543 1.520 
4-chloro-2-methylphenol 0.701 0.767 0.728 4-chloro-2-isopropyl-5-methylphenol* 1.854 1.699 1.653 
2,6-dichlorophenol 0.735 0.985 0.905 2,4,6-tribromophenol 2.03 1.948 1.885 
4-chloro-3-methylphenol* 0.796 0.693 0.638 Pentachlorophenol 2.049 2.299 2.343 
2,6-dichloro-4-fluorophenol 0.804 1.054 1.046 2,4,5-trichlorophenol 2.097 1.846 1.639 
3-chlorophenol 0.871 0.881 0.817 2,3,5,6-tetrachlorophenol* 2.222 1.866 2.017 
2,4-dichlorophenol 1.036 1.286 1.146 2,3,5-trichlorophenol 2.373 2.123 1.874 
4-chloro-3-ethylphenol* 1.081 1.140 1.046 3,4,5,6-tetrabromo-2-methylphenol 2.574 2.715 2.709 
2,5-dichlorophenol 1.125 0.945 0.950 pentabromophenol 2.664 2.711 2.769 
3-chloro-4-fluorophenol 1.131 1.160 1.123 2,3,4,5-tetrachlorophenol* 2.712 2.527 2.260 
2,4,6-trichlorophenol 1.41 1.432 1.424     
 
3. Results and discussion 
3.1. QSAR models and analysis 
The MLR model was built by stepwise regression on training set as follows: 
 
XHOMO QEPIC uuuu  538.017.0153.30log75.0893.8lg 50 P                               (1) 
000.0,317.80,209.0,892.0,922.0,32 22       PFSQRn LOO  
 
In the equation, n is the number of compounds, and R2 is the multiple correlation coefficient, and S is the standard error, 
and F is the Fisher inspection value, and P is the prominence rate. Higher correlation coefficient and lower standard error 
indicate that the model is more reliable. And P is much smaller than 0.05 means that the regression equation has statistically 
significance. With the optimal MLR model, the predicted values of the toxicity data for all 43 halogenated phenols are 
obtained and presented as table 1. The comparison between the predicted values of these compounds and the experimental 
data is shown in Fig. 1(a). 
The same four structural parameters are adopted to build the SVM model. The optimum parameters of the SVM model 
are determined by the grid search method as follows: C=64, ε=0.25, γ=0.0625. With the optimal SVM model, the predicted 
values of the toxicity data for all 43 halogenated phenols are obtained and presented as table 1. The comparison between the 
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predicted values of these compounds and the experimental data is shown in Fig. 1(b). The main performance parameters of 
the two models are shown in table 2. 
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Fig. 1. Comparison between the predicted and experimental values –lgIC50 by (a) MLR and (b) SVM. 
In addition, the residuals of the predicted values of the toxicity data against the experimental values for the two models 
are showed in Fig. 2(a) and Fig. 2(b), respectively. As most of the calculated residuals are distributed on two sides of the 
zero line, a conclusion may be drawn that there is no systematic error in the development of the present models. 
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Fig. 2. Plot of the residuals versus the experiment –lgIC50 values for (a) the MLR model and (b) the SVM model. 
Table 2. Performance comparison between models obtained by MLR and SVM 
Model 
Training set  Test set 
R2 Q2LOO RMS R2 Q2ext RMS 
MLR 0.922 0.892 0.194 0.975 0.919 0.209 
SVM 0.944 0.924 0.164 0.957 0.934 0.189 
As is seen in table 2, either for training set or test set, the two models both have high multiple correlation coefficient and 
low forecast error, indicating that they have not only good interior stability but good external predictive power. In addition, 
for the two models, all of the performance parameters of the training set are close to that of test set, indicating that the two 
models have good generalization ability. Apart from this, the SVM model is entirely better than the MLR model. However, 
the SVM model is a “black box” model, which cannot distinguish each parameter’s contribution to the model. As a result, 
combining both two methods with each other makes it easier to analyse and predict the toxicity data of compounds. 
3.2. Toxic mechanism discussed 
Based on the equation (1), the main factors that could impact the biological toxicity include logP, EHOMO, μ and QX. 
According to statistic learning theory, comparing the importance of each parameter must know the standardize coefficient of 
them in the regression equation. The bigger the absolute value of the standardized coefficient is, the greater the influence of 
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the parameter is. In the equation, the standardized coefficient of four parameters are 0.848, -0.429, 0.197 and -0.25, 
respectively. LogP has the biggest effect among the four parameters, followed by EHOMO, QX and μ. 
If the compound has a high value of logP, it will have good lipid solubility, which makes it easy to penetrate the cell 
membrane and concentrate on organisms, increasing the toxicity of the compound. EHOMO is relative to the molecular 
ionization potential, which can be used to measure the donating electron ability. The lower the EHOMO is, the weaker the 
donating electron ability is, showing the fact that the electrophilic reaction occurs more easily and the toxicity of the 
compound is higher. The smaller the QX is, the bigger the toxicity of the compound is. Based on the analysis, the toxic 
action of halogenated phenols to tetrahymena pyriformis is connected with electron withdrawing group. Halogens belong to 
electron withdrawing group, as QX is negative, the value of QX is less, and the more electron withdrawing group on the 
benzene ring is. The electron withdrawing group draws the π electron cloud from the benzene ring yielding more electron 
withdrawing group on the benzene ring, showing stronger ability of drawing the π electron cloud. Hence, the higher the 
positive charge on benzene ring, the greater the eletrophilicity is and the bigger the toxicity of the compounds is. The bigger 
the μ, the greater the polarity of the compound is, showing the hydrophilic of the compound is better. From the positive 
correlative property between μ and the toxicity, the effect between halogenated phenols and organics such as enzyme or 
protein is bigger than that between halogenated phenols and water. This is conductive to biological concentration and 
intoxication. 
Overall, the toxic action of halogenated phenols to tetrahymena pyriformis may be divided into two steps: firstly, the 
compounds penetrate the cell membrane and concentrate on organisms, which can be described by the octanol-water 
partition coefficient; secondly, the electron transfers or other complicated electron reaction occurs between the compounds 
and the large biological molecules, which can be described by electrical parameters (EHOMO, QX and μ). 
4. Conclusion 
According to the QSAR study, the toxicity of halogenated phenols to tetrahymena pyriformis increases with the octanol-
water partition coefficient increasing. Compounds’ toxicity becomes higher with the attracting electron ability strengthening. 
Validation shows that the MLR and SVM models built in the paper both have good stability and great predictive power. 
Moreover, compared to the MLR model, the SVM model is better, which is an effective tool to predict the acute toxicity of 
the halogenated phenols. 
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